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Abstract 
Robust optimization approach for aerodynamic design has been developed and applied to supercritical wing aerodynamic de-
sign. The aerodynamic robust optimization design system consists of genetic optimization algorithm, improved back propagation 
(BP) neural network and deformation grid technology. In this article, the BP neural network has been improved in two major 
aspects to enhance the training speed and precision. Uniformity sampling is adopted to generate samples which will be used to 
establish surrogate model. The testing results show that the prediction precision of the improved BP neural network is reliable.
On the assumption that the law of Mach number obeys normal distribution, supercritical wing configuration considering fuselage 
interfering of a certain aerobus has been taken as a typical example, and five design sections and twist angles have been opti-
mized. The results show that the optimized wing, which considers robust design, has better aerodynamic characteristics. What’s 
more, the intensity of shock wave has been reduced. 
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1. Introduction1
Supercritical wing optimization design is a difficult 
problem for transonic passenger aircraft and military 
transport aerodynamic design. In traditional optimiza-
tion problem, the optimized configuration has excellent 
aerodynamic characteristics under perfect condition; 
however, its aerodynamic characteristics will worsen 
rapidly when some factors are disturbed in specific 
environment. Some traditional optimizations such as 
multi-points design and weighted average algorithm 
have been taken as a strategy to resolve worsening 
problem in non-designed states. But it has been proved 
that these methods cannot thoroughly resolve worsen-
ing problem in non-designed states[1-2].
One of the major barriers in the robust optimization 
is the computational expense of the uncertainty analy-
sis for aircraft aerodynamic design. Aerodynamic per-
formance analysis based on neural network[3-4] surrogate 
model makes robust optimization design possible. For 
example, it can analyze aerodynamic characteristics of 
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certain configuration in appointed Mach number range 
rapidly, therefore, it has been applied to aerodynamic 
optimization design[5-7]. The Mach number distribution 
law and precision of surrogate model are important 
factors which affect optimization results, therefore it is 
significant to construct high-precision surrogate model 
and specify a reasonable Mach number distribution. 
In this article, supercritical wing configuration con-
sidering fuselage interfering of a certain aerobus has 
been taken as a typical example. Improved back 
propagation (BP) neural network is introduced as 
computational fluid dynamics (CFD) surrogate model. 
The Mach number distribution law obeys normal 
distribution, i.e., Maf~N(P,V 2), and cruise Mach 
number is equal to P. Five sections along span direction 
of the supercritical wing are taken as design sections. 
Those sections’ airfoil and twist angles are optimized. 
2. Robust Design System of Aerodynamic Optimi-
zation
The robust design of supercritical wing configura-
tion aims to reduce the average and variance of drag 
coefficient in design Mach number range. Therefore, 
improved BP neural network surrogate model is firstly 
constructed to obtain the drag coefficient and value of Open access under CC BY-NC-ND license.
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P 2+V 2. If drag coefficient is predicted by surrogate 
model instead of CFD result, ( , )D DC C X Ma   , then 
the value of P 2+V 2 can be obtained from  
max
min
2 2 ( , ) ( )d
Ma
DMa
C X Ma P Ma MaP V  ³      (1) 
where X is design variable, and P(Ma) is probability 
density distributed law of Mach number. 
2.1. Probability density distributed law of Mach num-
ber
The probability density distributed law of Mach 
number is an important factor for aerodynamic design, 
so we can optimize certain important state and ensure 
other states in designing range through controlling 
Mach number distribution. 
In this article, we assume the law of Mach number 
obeys normal distribution, the specified value of 
mathematical expectation P is equal to cruise Mach 
number, and the Mach number belongs to 
[P 3V,P +3V] (see Fig.1).  
Fig.1  Law of Mach number distribution.
It is easy to prove that the probability of Mach num-
ber’s falling outside the scope is approximately zero. If 
certain Mach number outside the scope appears in op-
timization process, it must be eliminated by judgment 
module of optimization system. 
A certain variable which obeys standard normal dis-
tribution can be generated from the law below: 
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       (2) 
where u1 and u2 are stochastic variables, Rm is pro- 
bability function, and rand is stochastic function. 
It is easy to prove that the variable Rm obeys   
standard normal distribution N(0,1),  so we can con-
struct variable RmMa (RmMa is probability of Mach 
number) V +Macruise·Rm so that the variable RmMa
obeys N(P,V2) between MacruiseV and Macruise+V.
In the optimization system established in this article, 
it is clear that the drag characteristic in uncertain Mach 
number range is controlled by P, which can only reflect 
the trend of total drag characteristic. The function of 
variance V is to change the slope of CD-Ma curve of 
different Mach numbers.  
2.2.  BP neural network 
BP neural network[8] is a multi-layer feedback for-
ward network, which is used in function approaching, 
mode identifying, classifying and data compressing 
domain generally. In this article, the nerve cell transfer 
function is log-sigmoid type function and can be re-
placed by other functions to solve different problems.
Its expression is 
2.0( )
e 1n
f n                  (3) 
Fig.2 shows a typical frame of BP neural network. 
Fig.2  Typical frame of BP neural network.
The typical BP neural network has been improved in 
two aspects. 
(1) On-line learning strategy has been substituted by 
batch-learning strategy to eliminate the effect on train-
ing precision, which is caused by sequence of sample 
input. 
(2) Conjugated gradient method has been used in 
searching mode of BP network instead of traditional 
gradient descent method. The new iteration equation is 
( 1) ( ) ( ) ( )w k w k k S kU'            (4) 
where U (k) is the best searching step, and the expres-
sion of S (k) is 
( ) ( ( )) ( 1) ( 1)S k f w k v k S k          (5) 
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          (6) 
In order to test the reliability of the surrogate model 
based on BP network, 50 samples have been used to 
analyze the prediction error of the BP network, and 
mean square error (MSE) is defined as 
2
1
ˆ( ( ) ( )) /
N
i i
i
E f x f x N
 
 ¦         (7) 
where f (xi) is the CFD results, and ˆ ( )if x the prediction 
data. The MSE of the improved BP network is 0.9%. 
Fig.3 shows the differences among CFD results, pre-
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diction values of typical BP network and improved BP 
network. In the 50 testing samples, the maximal error 
between typical BP network and CFD results is 20 
counts. The maximal error between improved BP net-
work and CFD results is 9 counts, and the minimal one 
is only 0.2 counts, which shows that the precision of 
prediction value has been improved greatly. 
Fig.3  Comparison of CFD results and surrogate models 
with different methods.
2.3. CFD analysis platform and experiment design  
CFD analysis is completed by F-CFD, which is a 
platform for simulating the flow field by solving Na-
vier-Stokes equations. In this article, Roe’s spatial 
scheme, Spalart-Allmaras (S-A) turbulence model, 
multi-grid and parallel computing technique are 
adopted. 
The reliability of F-CFD platform is tested by com-
paring calculation results with wind tunnel test data of 
DLR-F6 wing-body standard model[9]. The computa-
tional condition is Maf = 0.75, Re = 3.0u106. Fig.4 
shows that the F-CFD is reliable. In Fig.4, two turbu-
lence model are used: S-AüSpalart-Allmaras  btur-
bulence model; SSTük-Z SST turbulence model; Exp
üExperimental data. 
Fig.4  Polar of DLR-F6 wing-body.
As uniformity sampling can describe the characteris-
tics of the sampling range and is more suitable to solve 
multi-level problems, therefore, in this article, the sam-
ples are generated by uniformity sampling[10].
2.4. Optimization algorithm, grid deformation and 
morphing method 
Standard genetic algorithm[11-12] has been taken as 
optimization method. 
The transfinite interpolation (TFI) method[13] has 
been widely adopted to realize grid deformation [14-19].
In this article, the TFI method, a three-step recursion 
formula, is used to compute the displacements in the 
interior of the grid blocks. The first step computes the 
displacements in the interior by straight-line interpola-
tion in the [ direction[20]:
1
, , , ,d ( , , ) (1 )d (0, , ) d ( , , )IS S N[ K J [ K J[ K J K J K J  x x x
 (8) 
Then the mismatch of the displacements must be added 
along K direction: 
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Analogously, in the J direction, 
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where NI,NJ,NK are dimensions of grid blocks, and S[,K,J
expression is 
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t[,K,J , u[,K,J can be expressed analogously. 
Finally, the grid deformation is finished as 
3d ( , , ) d ( , , )[ K J [ K J x x          (12) 
Hincks-Henne function has been taken as morphing 
method. Airfoil shape is described by basic airfoil and 
Hincks-Henne function: 
b
1
( )
n
k k
k
y y c f x
 
 ¦            (13) 
where yb is design section of basic airfoil, and ck design 
variable. The Hicks-Henne function is 
0.25 20
4 ( )
(1 )e
( )
sin (ʌ )
x
k e k
x x
f x
x
­ ° ®°¯
         (14) 
where lg 0.5( )
lg k
e k
x
 , 0 1kxd d .
3. Wing Aerodynamic Optimization Considering 
Fuselage Interfering 
When designing a supercritical wing, the fuselage 
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interfering must be considered, because the excellent 
aerodynamic characteristics of an absolute supercritical 
wing may become bad as a result of fuselage interfer-
ing. An aerobus is taken as a typical example to be op-
timized based on the optimization system constructed 
in this article. The mesh generated for CFD analysis 
has 69 blocks and 15 million cells. 
It is assumed that the Mach number obeys normal 
distribution between 0.76 and 0.78, and the design 
cruise state is Maf = 0.75, CL = 0.56, Re = 2.0u107.
Because the original wing-body configuration has 
strong shock wave outside the kink section, five sec-
tions outside the kink section have been taken as design 
sections(see Fig.5).  
Fig.5  Design sections. 
In this optimization problem, 1 500 samples have 
been generated. Based on Monte Carlo law, the objec-
tive function P2 + V2 can be approximately expressed as 
max
min
2 2
2
1
( , ) ( )d
1 ( , )
Ma
DMa
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D i
i
C X Ma P Ma Ma
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P V
 
  |³
¦

    (15) 
where N is stochastic numerical simulation degrees and 
Mai is stochastic Mach number. Then the optimization 
model can be established as 
2 2
cruise
1max
max
min
s.t. , ( , )
0.12
initial thickness maximum
L L
i
X V and C X Ma C
t
t
P V ½ °  °¾t °°t ¿
    (16) 
where CLcruise is design lift coefficient, V design vari-
able space and N = 2 000. There are 11 design variables 
in each design section, i.e., 5 design variables and 1 
twist angle in up and low surface respectively. The total 
number of design variables is 55. 
Fig.6 and Fig.7 show that the strength of wave shock 
has been reduced on the wing upper surface. Typical 
sections’ airfoil shapes are shown in Fig.8. The drag 
divergence characteristic has been improved remarka-
bly, as shown in Fig.9. The pressure distributions of 
two typical sections have been compared between op-
timized and original wing. It is shown that the position 
of shock wave has been moved towards wing tail. Ta-
ble 1 and Table 2 show a comparison of results be-
tween original and optimized configurations, from 
which we can see that the drag coefficient reduces 7 
counts in cruise Mach number. 
Fig.6. Cp contour of wing upper surface Ma = 0.75. 
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Fig.7 Cp distribution of kink section and 60% section.
Fig.8  Airfoil shapes of kink section and 60% section. 
Fig.9  Drag coefficient vs Mach number. 
Table 1  Design results 
Configuration CL CD
Initial 0.560 2 0.028 66 
Design 0.560 5 0.027 96 
' 0.000 3 7 counts 
Table 2  Twist angle design results
Initial Design 
Section 
Twist angle/(q) Twist angle/(q)
1  0.02  0.06 
2 0.07 0.09 
3 0.70 0.79 
4 1.90 1.66 
5 3.00 2.50 
4. Conclusions 
In this article aerodynamic robust optimization de-
sign system has been established, in which the Mach 
number is assumed to obey normal distribution in un-
certain range. In this way, certain important state will 
be optimized and other states in design range will be 
ensured. The system has been proved of high effi-
ciency. 
What’s more, the present system is successfully ap-
plied to a certain aerobus robust design. The drag 
characteristic has been improved remarkably in design 
range, and the drag-divergence Mach number is im-
proved. The drag coefficient reduces 7 counts, and re-
duces more in other states with higher Mach numbers. 
The aerodynamic robust optimization design system 
established in this article consists of improved BP net-
work, reliable CFD technique and genetic algorithm, so 
it is efficient, reliable and with high-order accuracy. 
References 
[1] Li W, Huyse L, Padula S. Robust airfoil optimization 
to achieve consistent drag reduction over a Mach 
range. ICASE Report No.2001-22, 2001. 
[2] Booker A, Dennis J, Frank P, et al. A rigorous frame-
work for optimization of expensive functions by sur-
rogates. NASA/CR-1998-208753, ICASE Re-Port 98- 
47,1998.
[3] Jin Y. A comprehensive survey of fitness approxima-
tion in evolutionary computation. Soft Computing 
2005; 9(1):3-12. 
[4] Broomhead D S, Lowe D. Multi-variable functional 
interpolation and adaptive networks. Complex Sys-
tems 1988; 2:321 -355. 
[5] Sevant N E, Bloor M I G, Wilson M J. Aerodynamic 
design of a flying wing using response surface meth-
odology. Journal of Aircraft 2000; 37(4):562-569. 
[6] Wang Y, Yu X Q. Robust optimization of aerodynamic 
design using surrogate model. Transactions of Nanjing 
University of Aeronautics & Astronautics 2007; 24(3): 
181-187. [in Chinese] 
[7] Ding J F. Robust airfoil optimization based on re-
sponse surface method. Acta Aerodynamica Sinica 
· 528 · Huang Jiangtao et al. / Chinese Journal of Aeronautics 23(2010) 523-528 No.5 
2007; 25(1): 19-22, 28. [in Chinese] 
[8] Patnaik S N. Neural network and regression  ap-
proximations in high speed civil transport   aircraft 
design optimization. NASA/TM-1998-206316, 1998. 
[9] Rumsey CˈRivers SˈMorrison J. Study of CFD 
variation on transport configurations for  the second 
drag-prediction workshop.AIAA-2004-393, 2004. 
[10] Swiler L P, Slepoy R, Giunta A A. Evaluation of sam-
pling methods in constructing response surface 
approximations. AIAA-2006-1827, 2006. 
[11] Obayashi S, Yamaguchi Y, Nakamura T. Multi-objec- 
tive genetic algorithm for multidisciplinary design of 
transonic wing planform. Journal of Aircraft 1997, 
34(5):690-693.
[12] Su W, Zuo Y T, Gao Z H. Preliminary aerodynamic 
shape optimization using genetic algorithm and neural 
network. AIAA-2006-7106, 2006. 
[13] Smith R E. Transfinite interpolation (TFI) generation 
systems. In: Handbook of Grid Generation, USA: 
CRC Press, 1999. 
[14] Tsai H M, Wong A S F, Cai J, et al. Unsteady flow 
calculations with a parallel multiblock moving mesh 
algorithm. AIAA Journal 2001; 39(6): 1021-1029. 
[15] Spekreijse S P, Boerstoel J W. Multiblock grid gen-
eration. Part 1: elliptic grid generation methods for 
structured grids. Part 2: multiblock aspects. von Kar-
man Institute for Fluid Dynamics (VKI). Lecture Se-
ries. 27th Computational Fluid Dynamics Course. 
1996.
[16] Spekreijse S P, Boerstoel J W. An algorithm to check 
the topological validity of multiblock domain decom-
positions. NLR-TP-98198, 1998. 
[17] Kok J C, Spekreijse S P. Efficient and accurate im-
plementation of the k-e turbulence model in the NLR 
multi-block Navier-Stokes system. NLR-TP-2000- 
144.
[18] Hounjet M H L, Meijer J J. Evaluation of elastome-
chanical and aerodynamic data transfer methods for 
non-planar configurations in computational aeroelastic 
analysis. NLR-TP-95690, 1995. 
[19] Laban M. MOB: a computational design engine in-
corporating multi-disciplinary design an optimisation 
for blendedWing body configuration. GRDI-1999- 
11162, 1999. 
[20] Spekreijse S P, Prananta B B, Kok J C. A simple, ro-
bust and fast algorithm to compute deformations of 
multi-block structured grids. NLR-TP-2002-105, 2002.
Biographies: 
Huang Jiangtao  Born in 1982, he received M.S. degree 
from Northwestern Polytechnical University in 2008 and is 
now a Ph.D. candidate there. His main research interest lies 
in flight vehicle design. 
E-mail:hjtcyflove@163.com 
Gao Zhenghong  Born in 1960, she is a professor in 
Northwestern Polytechnical University. Her main research 
interest lies in flight vehicle design and flight control. 
E-mail:zgao@nwpu.edu.cn 
